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ABSTRACT

Computational color constancy (CC) aims to recover the
true colors of a scene despite changes in illumination. While
recent cross-camera deep learning methods have made im-
pressive progress, their training relies on relatively small
RAW datasets. In this work, we introduce a zero-shot color
constancy framework grounded in intrinsic image decom-
position (IID). Our method estimates the albedo and infers
the illumination map from a pre-trained IID model, fol-
lowed by chromaticity clustering. This design allows us
to avoid any fine-tuning on CC datasets. Experiments on
the Gehler-Shi and NUS-8 datasets show that our approach
achieves performance comparable to cross-dataset SOTA
performance, while maintaining robustness to camera and
dataset variations. These results highlight the potential of
transferring IID-learned illumination priors to achieve truly
sensor-agnostic color constancy.

Index Terms— Color Constancy, Intrinsic Image Decom-
position

1. INTRODUCTION

Color constancy refers to the ability of the human visual
system to perceive stable surface colors despite variations
in scene illumination. Inspired by this perceptual capability,
computational color constancy aims to estimate and compen-
sate for the effects of illumination in digital images, thereby
recovering a consistent and device-independent representa-
tion of colors.

While statistical methods for color constancy rely on low-
level image statistics, deep learning-based approaches have
recently achieved state-of-the-art performance due to their
ability to exploit contextual information. However, this class
of methods has to face some challenges.

One of the most important is camera dependency: each
sensor, given its unique sensitivity across the light spectrum,
renders the RAW image in its own specific color space. This
implies that directly testing a CC model on an unseen cam-
era may deteriorate its performance. Methods for effectively
solving cross-camera CC have been proposed in the literature
[1, 2, 3]; however, they still typically rely on training on RAW
datasets, or they require additional inputs to perform CC.

Table 1: Overview of the main CC datasets.

Dataset # images # cameras

Gehler-Shi [4] 568 2
NUS-8 [5] 1736 8
Cube++ [6] 4890 2
INTEL-TAU [7] 7022 3

Table 2: Examples of publicly available IID datasets.

Dataset # images

Hypersim [8] 70838
Videogames [9] 223197
Eden [10] 368663

Another potential issue related with CC is data availabil-
ity, which may not be enough for training large CC methods.
Table 1 summarizes the main CC datasets.

On the other hand, IID is a task in which an input image
I must be decomposed as follows:

I = A · S (1)

where I is the input image, A is the albedo, representing the
proportion of reflected light (i.e., reflectance), and S is the
shading, which contains illumination intensity and, depend-
ing on the type of information that has to be considered, il-
lumination chromaticity. Equation 1 refers to the Lambertian
image formation model, which is widely used in the literature.

In contrast to CC, the field of IID has recently benefited
from large-scale, camera-agnostic datasets (see Table 1 and
Table 2 for a comparison). Since IID models are trained on
these datasets, they can implicitly learn camera-independent
priors about scene lighting.

These observations motivate a new paradigm for CC. In-
stead of directly learning from CC datasets, illumination pri-
ors can be transferred from the IID domain to the CC domain.
In this work, we show that the recent advancements in the do-
main of IID datasets allow for the development of a zero-shot
CC framework that does not require any task-specific training.
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2. RELATED WORK

2.1. Single illuminant color constancy

Many CC methods have been proposed in the literature. Sta-
tistical learning-free methods for color constancy have been
developed. Learning-based methods have been proposed as
well. Convolutional networks have been successfully applied
to solve the color constancy problem [11, 12, 13], estimating
the illuminant chromaticity by taking into account the context
of a scene and making use of its semantics. Recently, diffu-
sion models have been exploited for performing CC [14].

Cross-camera CC methods have been previously proposed
[1, 3, 2]. Afifi and Brown [1] transform the input images into
a learned working space and then estimate the scene illumi-
nant. C5 [3] achieves cross-camera CC by taking at test time
a set of raw unlabeled images taken with the same camera.
CCMNet [2] pairs instead the input image with the color cor-
rection matrices of the input source sensor to reduce camera
biases.

2.2. Intrinsic image decomposition

Many IID methods based on the Lambertian image formation
model (See Equation 1) have been proposed in the literature.
Methods based on hand-crafted features have been proposed,
as well as optimization-based methods. As well as for the
case of color constancy, the advent of deep-learning made
it possible to learn to estimate shading and albedo by ana-
lyzing the scene semantics. Convolutional approaches have
been proposed in the literature, trained in both supervised and
unsupervised approaches [15, 16]. More recently, diffusion
model-based methods have also been proposed.

Deep learning-based approaches have allowed not only to
exploit the scene semantics to improve the decomposition per-
formance on the Lambertian model, but also to extend the im-
age formation model to take into account the non-Lambertian
illumination effects, also called residual. In particular, the
residual model is defined as follows:

I = A · S +R (2)

where, in this case, A is the albedo, S is the diffuse (or Lam-
bertian) shading, and R is the residual, which contains all the
non-diffuse illumination effects in the scene. Latest advance-
ments in the field of IID have enabled us to exploit them in
the domain of real-world color constancy. Careaga et al. [17]
proposed a convolutional method for residual IID by creating
a pipeline composed of different networks, each one predict-
ing an intrinsic component or one of its parts.

3. PROPOSED METHOD

Our pipeline allows us to estimate global illuminant from a
raw input image by leveraging albedo estimation and clus-
tering. An overview of the proposed method is depicted in

Figure 1. The next subsections aim to explain in detail each
of the steps of the pipeline.

3.1. Input normalization

RAW RGB images captured by different sensors are repre-
sented in intrinsically different color spaces, due to the spe-
cific spectral sensitivity curves of the R, G, and B channels of
each camera. By contrast, the datasets used to train IID mod-
els are typically expressed in a standardized, camera-agnostic
color space. This domain gap can introduce chromatic distor-
tions in the estimated albedo, compromising the subsequent
derivation of illumination.

To reduce this sensory domain gap, we apply preliminary
chromatic normalization to the input image. In particular, we
use a global balancing statistical method that has the sole pur-
pose of attenuating differences due to the sensor’s color space,
without introducing any specific information about the scene
content. The illuminant estimated at this stage is used exclu-
sively to normalize the image before it enters the IID model.

In our framework, we adopt Grayness Index [18], chosen
for its unsupervised nature and its ability to provide robust
global color correction. This step makes the input more
compatible with the IID data domain, improving the esti-
mated albedo quality and increasing the stability of the entire
pipeline, while maintaining an overall learning-free approach.
We mask the ColorChecker before estimating the illuminant.

3.2. Intensity masking

In this step, a binary mask is computed to exclude partially
or totally clipped pixels, as well as dark pixels, during the
subsequent steps. The goal is to exclude any image region
whose illumination estimation might be influenced by sensor
noise or sensor saturation, potentially introducing nonexistent
illumination chromaticities into the prediction.

3.3. Albedo and shading estimation

This step consists of decomposing the input image using a
pre-trained IID model. Any in the-wild albedo estimation
model may be employed within-the proposed framework. In
this case, the employed model is the albedo estimation mod-
ule of the IID model from Careaga et al. [17]. Further details
on training data and the used weights are provided in the sup-
plementary material. Once the albedo is estimated, shading
is derived using the original input image, following the Lam-
bertian model in Equation 1. The result is then normalized
to obtain a first version of the illumination chromaticity map.
We chose not to take into account the residual model in Equa-
tion 2 as there is scarce availability of diffuse shading in IID
datasets, compared to the albedo ground truth.



Fig. 1: Overview of the proposed method. The image is first globally balanced to mitigate differences between camera sensor
color spaces, then the output is used to estimate the scene albedo. Following Equation 1, dividing the original input image by
the estimated albedo will imply the image shading. Part of the shading is then selected based on the pixel intensity values of
the image to exclude dark or saturated regions, and a refined shading chromaticity estimation is then obtained by blending the
computed chroma clusters by computing a weighted average on each pixel. The image is then globally balanced by discounting
the mean of the illumination map. Gamma correction is applied to all the images in the diagram for visualization.

3.4. Shading chroma clustering and blending

The previously obtained illumination map might contain un-
wanted changes in illumination due to possible albedo esti-
mation errors, potentially leading to the introduction of small
regions containing incorrect information about illumination,
as well as slight but abrupt differences in illumination corre-
sponding to changes in scene reflectance. In addition, par-
tially clipped pixels might introduce some distortion in the il-
luminant chromaticity. To solve these problems, a refinement
of the illumination map is achieved by clustering its chro-
maticities and using the clusters to generate a smoother and
more precise illumination map. Clustering is not intended to
explicitly segment multiple illuminants, but to suppress spuri-
ous chromaticities arising from local albedo estimation errors,
thereby stabilizing the illumination estimation rather than en-
forcing a multi-illuminant model.

To achieve this, two steps are performed:

1. A clustering of the (R/G, B/G) chromaticities of the first
output map L is performed using mean shift [19]. This
clustering algorithm has been chosen because it does
not require to fix the number of clusters. To make this
step computationally feasible, the input to the cluster-
ing step is resized to 64 × 64;

2. A new illumination map L′ is generated by blending
the found illumination clusters. At the pixel i, it is

computed as a weighted combination of the found cen-
troids:

L
′

i =
∑
k

W (k, Li) · Ck (3)

where k is the cluster identifier, Ck is the centroid of the
cluster k representing one of the candidate illumination
chromaticities of the scene, and W is a weight function
defined as follows:

W (k, Li) =

(
dim(k)

maxj dim(j)

)2

(
dist(Li,Ck)

maxj dist(Li,Cj)
+ ϵ

)2 (4)

where dim(k) refers to the number of pixels in the kth

cluster, and dist(Li, Ck) represents the euclidean dis-
tance between the ith pixel and the kth cluster.
This weighting function assigns the contribution of
each cluster to the ith illumination chromaticity pixel
based on how different the pixel chroma is from the
centroid and how large the cluster is. In this way, small
and sparse clusters tend to be considered noise rather
than actual illumination, shifting those pixels towards
other centroids.
Finally, the output global illuminant is computed by av-
eraging the blended illumination map.



4. EXPERIMENTS

We assess performance on different CC datasets, as well as
the robustness of our method to changes in both cameras and
datasets. In addition, an ablation study is conducted to verify
the effectiveness of each module in the proposed framework.

4.1. Experimental setup

The mean shift bandwidth is computed in such a way that
it covers 5% of the pixels. The normalization step of our
pipeline is performed on images with masked Color Check-
ers. Evaluation is conducted on both Gehler-Shi [4] and NUS-
8 [5] datasets. We have chosen these two benchmarks as they
are the most popular and allow for cross-camera evaluation
performance. We compare the average RGB of the refined
illumination map with the global RGB ground truths.

4.2. Evaluation metric

In order to evaluate the performance of the proposed method,
the recovery angular error between the RGB estimated illu-
minant Iest and the RGB ground truth Igt is computed [20]:

erecovery(I
gt, Iest) = cos−1

(
Igt · Iest

∥Igt∥∥Iest∥

)
(5)

4.3. Results

Table 3 reports the average angular error for each camera sub-
set of the NUS-8 dataset, along with the geometric mean of
the average errors for each camera subset. Performance tends
to be aligned across different cameras, suggesting that the
method can be applied to different cameras without the need
to model the sensor behaviors or fine-tune the IID backbone.

Table 4 reports cross-dataset performance comparisons on
the Gehler-Shi [4] and NUS-8 [5] datasets, where the other
learning-based methods have been trained on one dataset and
tested on the other. Results show that our method outperforms
some of the cross-camera methods ([3, 1]), except for CCM-
Net [2], which achieves better results on the NUS-8 dataset
[5] in this testing protocol. The main reason behind this gap in
performance between CCMNet and the other methods might
be the use of additional camera-specific information along
with the input.

Our results on the two datasets are relatively close to each
other, suggesting a certain level of generalization by the pro-
posed method. Among all the methods, ours shows the lowest
variation in angular error across datasets, aligned with GCC
[14]. This might be a sign of a deeper semantic understand-
ing of the scenes due to the exposure of the IID model to a
much higher amount and variety of camera-agnostic training
scenes.

Table 3: Camera-level mean angular error, expressed in de-
grees, of the proposed method on the NUS-8 dataset [5]. G.M.
stands for geometric mean.

Camera G.M.
1 2 3 4 5 6 7 8

2.46 2.30 2.47 2.44 2.49 2.21 2.48 2.37 2.40

Visual results. Figure 2 reports some visual examples of in-
put images along with the estimated albedo, the implied shad-
ing chroma, the refined shading chroma and the balanced im-
ages, along with the related ground truth maps, from the used
datasets [4, 5].

4.4. Ablation studies

Ablation studies are conducted to account for the effective-
ness of each of the pipeline modules. In particular, the ef-
fect of the pre-normalization and clustering are tested on the
Gehler-Shi [4] and NUS-8 [5] datasets. Results are reported
in Table 4.

Effect of pre-balance As already mentioned, IID datasets
do not model sensor color spaces, providing images that are
rendered in a standard color space; therefore, directly passing
a raw image to an IID model might lead to unwanted color
casts in the estimated albedo, due to the domain difference
between CC and IID. Introducing this step helps to obtain a
globally more precise albedo in both datasets.

Effect of clustering. Introducing the clustering step to
obtain a refined illumination map helps in reducing the an-
gular error. This is due to the fact that the estimated albedo
might contain local chromaticity errors, and implying the
shading can lead to abrupt chroma changes. With this step,
wrong chromaticity regions can shift towards larger clusters
within the scene, leading to a smoother and more correct
illumination map.

5. CONCLUSIONS AND FUTURE WORK

We introduced a new way to approach CC by linking it to
IID. Instead of learning illumination directly from color con-
stancy datasets, our framework uses the priors learned by an
IID model to estimate the scene illuminant, and it is able
to generalize across cameras and datasets. This design al-
lows the system to achieve illuminant estimation performance
comparable to SOTA cross-camera methods in a cross-dataset
setting, without any fine-tuning. Results highlight the poten-
tial of IID-based representations as a foundation for sensor-
agnostic color constancy. In future work, we plan to make
the approach more efficient and robust by improving the IID
backbone, and to enable the pipeline for robust pixel-level
multiple illuminant estimation.



Table 4: Cross-dataset evaluation on NUS-8 [5] and Gehler-Shi [4] datasets. The learning-based methods have been trained
on one dataset and tested on the other. The used metric is the angular error. Italic bold means best in its category, while bold
means best of all methods. (**) means that the method uses additional information along with the input image. Despite being
learning-free, our method shows the smallest performance drop across datasets.

Method Gehler-Shi [4] NUS-8 [5]

Mean Median Tri-mean Best 25% Worst 25% Mean Median Tri-mean Best 25% Worst 25%

Statistical Methods
White-Patch 7.55 5.68 6.35 1.45 16.12 9.91 7.44 8.78 1.44 21.27
Gray-World 6.36 6.28 6.28 2.33 10.58 4.59 3.46 3.81 1.16 9.85
1st-order Gray-Edge 5.33 4.52 4.73 1.86 10.43 3.35 3.46 2.76 0.79 7.18
2nd-order Gray-Edge 5.13 4.44 4.62 2.11 9.26 3.36 2.70 2.80 0.89 7.14
Shades-of-Gray 4.93 4.01 4.23 1.14 10.20 3.67 2.94 3.03 0.99 7.75
General Gray-World 4.66 3.48 3.81 1.00 10.09 3.20 2.56 2.68 0.85 6.68
Grey Pixel 4.60 3.10 - - - 3.15 2.20 - - -
Cheng et al. [5] 3.52 2.14 2.47 0.50 8.74 2.92 2.04 2.24 0.62 6.61
LSRS [21] 3.31 2.80 2.87 1.14 6.39 3.45 2.51 2.70 0.98 7.32
Grayness Index [18] 3.07 1.87 2.16 0.43 7.62 2.91 1.97 2.13 0.56 6.67

Learning-based Methods
Bayesian [22] 4.75 3.11 3.50 1.04 11.28 3.65 3.08 3.16 1.03 7.33
Chakrabarti [23] 3.52 2.71 2.80 0.86 7.72 3.89 3.10 3.26 1.17 7.95
FFCC [24] 3.91 3.15 3.34 1.22 7.94 3.19 2.33 2.52 0.84 7.01
SqueezeNet-FC4 [12] 3.02 2.36 2.50 0.81 6.36 2.40 2.03 2.10 0.70 4.80
C4

SqueezeNet-FC4 [25] 2.73 2.20 2.28 0.72 5.69 2.28 1.90 1.97 0.67 4.60
SIIE [1] 3.72 2.46 2.79 1.02 8.51 4.24 3.88 3.93 1.45 7.66
CLCC [26] 3.05 2.44 2.51 0.89 6.30 3.42 2.95 3.06 0.94 6.70
C5 [3] (**) 3.34 2.57 2.68 0.78 7.39 2.65 1.98 2.14 0.66 5.72
CCMNet [2] (**) 2.50 1.64 1.81 0.46 6.04 2.02 1.45 1.57 0.46 4.56
GCC [14] 2.35 2.02 2.06 0.78 4.57 2.38 2.01 2.10 0.80 4.58

Zero-Shot
(Ours) IID-only 4.55 3.45 3.66 1.07 10.03 5.01 3.83 4.20 1.36 10.54
(Ours) IID + pre 2.51 1.88 2.04 0.61 5.45 2.70 2.15 2.31 0.76 5.54
(Ours) IID + pre + cluster 2.43 1.88 2.02 0.55 5.25 2.40 1.86 1.99 0.63 5.09

(a) Input (b) Albedo (c) Implied
chroma

(d) Refined
chroma

(e) GT (f) Balanced

Fig. 2: Qualitative results and intermediate outputs of the proposed method on images from the Gehler-Shi [4] and NUS-8
[5] datasets. Albedo estimation removes surface appearance variations caused by illumination effects, while chromaticity clus-
tering refines the implied shading, producing smoother illumination maps and more accurate color-balanced images. Gamma
correction is applied for visualization.
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